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Introduction
While term structure modelling has undergone extensive improvements, advances in term structure forecasting are comparatively small. Yet, the latter is particularly important for purposes of managing risk or hedging derivatives. Diebold & Li (2006) point out that the empirical performance of model based out-of-sample forecasts is rather poor. Reformulating the Nelson & Siegel (1987) model, they use autoregressive models for the factors to obtain encouraging results for long horizon ex-ante forecasts. While Diebold & Li (2006) find that forecasts based on vector autoregressive models (VARs) outperform forecasts implied by the random walk model, Duffee (2002) concludes that the random walk model is superior to standard affine term structure models. Ang & Piazzesi (2003) model yield curves by means of traditional latent yield factors and observable macroeconomic variables. Forecast error variance decompositions show that macro factors explain up to 85% of the variation in bond yields. Taking a dynamic factor approach Diebold, Rudebusch & Aruoba (2006) model the yield curve by means of latent level, slope and curvature factors as well as macroeconomic variables as real activity, inflation and the federal funds rate. They find convincing evidence of the macroeconomic effects on the yield curve. Mönch (2007) forecasts the yield curve in a data rich environment. He uses a factor-augmented VAR jointly with an affine term structure model with parameter restrictions implied by a no-arbitrage condition. The model turns out to outperform different benchmark models such as a random walk, standard VAR and the Diebold & Li (2006) approach among others.
Though a large part of the term structure literature is concerned with factor models, a uniform conclusion with regard to the appropriate number of factors has not been achieved yet. Nelson & Siegel (1987) introduce a parsimonious three factor model for term structures and conclude that it is able to capture important yield curve characteristics. Numerous extensions of the Nelson-Siegel model exist. Inter alia, a two factor version is applied by Diebold, Piazzesi and Rudebusch (2005) and the four factor version from Svennson (1994) is frequently used by central banks (BIS 2005) . Empirical support is provided by Litterman & Scheinkman (1991) and Steeley (1990) . Their factor, respectively, principal component analysis (PCA) suggests that most of the term structure variation can be explained by three factors, interpreted as level, slope and curvature. Examining money market returns, Knez, Litterman & Scheinkman (1994) present a four factor model to find that the additional factor is related to private issuer credit spreads. Duffie & Singleton (1997) advocate a multi factor model for interest rate swaps that accommodates counterparty default risk and liquidity differences between Treasury and Swap markets. They conclude that credit and liquidity factors are important sources to explain swap term structure dynamics. Within this framework Liu, Longstaff & Mandell (2006) estimate a five factor model to analyze swap spreads.
To explain forecast failures of macroeconomic models, Clements & Hendry (2002) , among others, argue that economies evolve and are subject to changes, e. g., in institutions or technology. Neglecting the change of economic relations is a potential reason for the poor performance of model based out-of-sample term structure forecasts. To admit for dynamic heterogeneity, data based adaptive forecasting procedures appear to be useful alternatives. Swanson and White (1997a,b) find that an adaptive approach yields promising results in forecasting macroeconomic variables. A particular issue in dynamic ex-ante forecasting is the stability of model parameters. Splitting a sample of US government interest rates covering the period January 1970 to December 1995 into three parts, Bliss (1997) concludes that factor loadings varied only slightly. Yet, factor volatilities turned out to be relatively stable. For US zero coupon bond yields Audrino, Barone-Adesi & Mira (2005) find that loadings are unstable over the period from January 1986 to May 1995 in a three factor model allowing for conditional heteroscedasticity.
A large fraction of the term structure literature is concerned with the US treasury market.
However, Remolona & Wooldridge (2003) Due to the huge size of swap markets and the neglected attention paid to forecasting the term structure, we focus on forecasting the EURIBOR (European interbank offered rate) swap term structure. Employing a purely statistical factor model approach, we decompose the term structure of swap rates by means of PCA and apply AR models to compute (adaptive) forecasts. Using various combinations of the number of factors, AR orders and time windows, our analysis includes a set of 100 model specifications. The latter are evaluated in terms of mean squared forecast errors, directional accuracy and big hit ability. Similar to Härdle, Herwartz & Spokoiny (2003) we argue in favor of dynamic variation of the term structure and motivate an adaptive procedure relying on local homogeneity of the term structure. By means of several data driven model selection algorithms, we analyze the relative performance of an adaptive approach and particular 'unconditional' PCA/AR forecasting schemes. Compared with standard benchmark models an adaptive approach offers additional forecast accuracy in terms of directional accuracy and big hit ability.
The remainder of the paper is organized as follows. The factor model approach is presented in the next Section. In Section 3 we introduce the loss measures used to evaluate forecasting performance. Sections 4 and 5 describe the data and characterize the unconditional approach to motivate adaptive model selection procedures. Section 6 proposes particular adaptive strategies. Moreover, we compare the adaptive strategies to unconditionally implemented factor models as well as to some benchmark models. Section 7 concludes.
A forecast model for the swap rate term structure
The investigated EURIBOR swap term structure consists of daily swap rates for M = 10 maturities (3 months (3m), 6m, 1 year, 2years (2yr), 3yr, 5yr, 7yr, 10yr, 12yr and 15yr). Let y t = (ỹ 1,t ,ỹ 2,t , . . . ,ỹ M,t ) denote the 10 dimensional vector of observed swap rates measured in terms of deviations from their unconditional mean,ỹ t = y t −ȳ T * ,ȳ T * = 1/τ T * t=T * −τ +1 y t . To generate rolling swap rate forecasts we summarize the dynamic variation of the term structure in a time window of size τ by a few underlying factors. More precisely, equations (2.1) and (2.2) below constitute the local description of the term structurẽ
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In (2.1) the K-dimensional vector F t consists of factors f k,t that govern the term structure. In (2.2) the first differences for each f k,t , k = 1, . . . , K, are assumed to follow 'cross sectionally' uncorrelated AR(p) processes. Hence, Φ 1 , . . . , Φ p are diagonal matrices and η t is a Kdimensional zero mean error term with a diagonal covariance matrix. Moreover, the error terms ξ t and η t are assumed to be 'cross sectionally' and serially uncorrelated. The matrix 
Iterated h-step forecasts for the first differences, ∆ f k,T * +h|T * , are computed as
where γ k0 , . . . , γ kp are OLS estimates of γ k0 , . . . , γ kp and ∆ f k,T * +j|T * = ∆ f k,T * +j if j ≤ 0.
Then, factor 'level' forecasts are
Finally, the h-step ahead forecast of the swap rate term structure conditional on information available at time T * is
whereȳ T * readjusts for the unconditional in-sample mean.
Note that we compute principal components from centered swap rate levels. If swap rates are non stationary then some eigenvectors of Γ may be interpreted as (unidentified) cointegration parameters (Johansen 1995) , and PCA yields at least some non stationary factors. For our forecasting procedures it turns out that results for AR models specified in first differences of the factors F t are more stable than for AR models in levels. Finally, in the local model the drift parameter ν in (2.2) implies a linear trend in the levels of interest rates.
While such a feature contradicts theoretical and empirical long run interest rate properties, in the presence of local trends, however, including the parameter ν might be beneficial for ex-ante forecasting procedures.
To generate h-step forecasts for a particular swap rate m in time T * by means of the local model given in (2.1) and (2.2) an analyst has to choose the parameters τ, K and p. In this study, we consider a set of 100 competing model specifications implied by combining a variety of choices for τ, K, p. Then, an adaptive model selection approach is based on outof-sample forecast performance evaluated with particular loss functions such as quadratic loss, directional accuracy and big hit ability.
Loss functions
Before motivating the loss functions considered in this study, we briefly introduce some notation. Let a general loss function depend on the h-step ahead swap rate forecast,ŷ m,T * +h|T * , the current swap rate, y m,T * and the future (true, realized) swap rate, y m,T * +h , with maturity
A common loss function is the quadratic loss:
(3.1) Diebold & Mariano (1995) point out that in light of the variety of economic decision problems relying on forecasts, statistical loss functions such as the quadratic loss do not necessarily conform to economic loss functions. In an interest rate setting, Swanson & White (1995) show that the mean squared forecast error (MSFE) and profit measures are not closely linked. Similarly, Leitch & Tanner (1991) find that, opposite to MSFE, the directional accuracy (DA) of forecasts, i. e. the ability of correctly predicting directions, is highly correlated with profits in a term structure analysis. Lai (1990) points out that an investor can still gain profits even with statistically biased forecasts if they are characterized by significant DA. Ash, Smith & Heravi (1998) 
Hatzmark (1991) investigates forecast ability by looking at DA and 'Big Hit Ability'. To motivate the latter, it might occur that a profit seeking trader is better able to predict big price changes rather than small changes. In this case, forecast performance could depend on a small number of correct directional forecasts generating large profits, and a large number of incorrect directional forecasts associated with negligibly small losses. A loss function for
The BH measure generalizes the quadratic loss and DA statistics in that it takes the sign as well as the magnitude of the movement into account. If y m,T * is a swap rate, L h,m 3,T * is only approximately a profit function. The profit/loss from closing a swap position in T * + h is given by the swap value in T * + h since in T * a swap with a (fair value) fixed rate y m,T * has a value of zero. However, as a swap is a financial derivative, in T * + h the value of a swap with rate y m,T * is a non linear function of y m,T * +h (Miron & Swannell 1991 ). Yet, as the second derivative of the swap value function with respect to y m,T * +h , is often very small, most traders and risk managers consider swaps as linear instruments even if they are actually non linear. That is to say upward/downward movements in y m,T * +h are almost proportional to changes in the profit/losses from closing the corresponding swap position.
Data
We investigate closing rates for Eurozone interest rate swaps with maturity 1yr, 2yr, 3yr, 5yr, 7yr, 10yr, 12yr and 15yr and the 3m resp. 6m Euribor rate as obtained from the database Table 1 documents that all observed term structures increase with a minimum slope measure of 0.01. Consequently, the average term structure is also increasing. Swap rates at long maturities exhibit less variation than those at the short end. For the curvature the evidence is mixed. The sample mean (median) of this quantity indicates a slightly concave curvature of -0.00543 (-0.00325) with minimum and maximum values between -0.0825 and 0.084, respectively. Hence, on average the curvature of the term structure is not very pronounced, although Figure 1 uncovers locally concave/convex patterns.
Unconditional forecast models
We consider 4 forecast horizons (h = 1, 5, 10, 15 days) and focus on h-step forecasts of 2yr, 5yr and 10yr swap rates. Hence, overall there are 12 distinct forecast 'exercises'
where F E j is a tuple from the cartesian set defined by {2, 4, 8} × {1, 5, 10, 15}. To define the adaptive strategies let a particular model specification be denoted
M s is a three dimensional tuple from the cartesian set Ω τ × Ω K × Ω p the cardinality of which is 100. A forecast for a specification s at time T * isŷ 
We refer to the average loss associated with L To motivate an adaptive model selection approach we first consider the 'unconditional' forecast performance, i. e. the average forecast performance of the 100 models M s for the period T * 1 = 308 (April 19, 2000) to T * 2 = 2085 (February 9, 2007) . Table 2 shows the MSFEs obtained when forecasting the 2yr swap rate one day ahead (h = 1). The best model is approximately 8 times better than the worst model, the 10th best model is still more than 3 times better than the 90th best model. For MDA and MBH the overall picture is similar.
Hence, choosing the wrong model may provide poor forecasts. Moreover, for MDA and MBH the latter conclusion holds throughout for all forecast exercises F E j . For the MSFE criterion, however, the 'spread' between the best and worst models diminishes for forecast horizons h > 5.
[Insert Table 2 about here]
In addition to marked differences in relative model performance, forecasting accuracy of a particular factor model might vary over time. In case of structural variation each factor model specification might be seen as an approximation of the true data generating process and the approximation accuracy of particular models depends on 'local' term structures.
To describe time varying model performance we consider transition probability matrices as in Camba-Mendez, Kapetanios & Weale (2002) . Each of the 100 models is mapped to performance quartiles conditional on the first and second half of the sample period. The transition probabilities are obtained from counting the models that move from one quartile in the first to a particular quartile in the second subsample. While a diagonal transition matrix indicates performance stability, large off-diagonal entries hint at performance instability. Table 3 shows the transition probabilities for the accuracy measures MSFE, MDA and MBH for the 2yr rate and h = 1. The upper left panel of Table 3 refers to the MSFE criterion.
While there are transitions within the two upper and the two lower quartiles, there are not so many transitions crossing the subsample medians. The respective patterns for the MDA and MBH measures are remarkably different, and indicate much more transitions across quartiles. Off-diagonal elements take values between 0.083 and 0.417, respectively, 0.04 and 0.48. Again, the results are similar over all horizons h = 1, 5, 10, 15 and swap rates 2yr, 5yr, 10yr (see the average transition matrices in Table 8 given in the appendix). For a similar data 9 set, Blaskowitz, Herwartz & de Cadenas (2005) conclude that model parameters τ, K and p do not have a uniform impact on the forecasting performance. In summary, we diagnose marked heterogeneity of model specifications in terms of MDA and MBH performance while with respect to model implied MSFE measures model choice appears less crucial.
[Insert Table 3 about here]
In light of time dependent forecast accuracy it is desirable to have a strategy at hand that ex-ante identifies the locally best model. In the next Section we describe and evaluate data driven model selection strategies. Among others, Diebold & Pauly (1987) argue that in the presence of structural shifts composite forecasts can improve forecast precision. Numerous combining procedures have been proposed in the literature. We focus on both an equal weight scheme and a combination procedure that assigns different weights to individual forecasts. The Av10MSFE forecast iŝ (Bunn 1975) . Along similar lines as described for the MSFE criterion we also use the loss functions MDA and MBH for adaptive forecasting.
Finally, we employ two combining strategies that have found support in the empirical literature (Clemen 1989) . The AvStrat resp. MedStrat take the average resp. median forecast of the 100 forecast models irrespective of past performance. At time T * these forecasts are given byŷ For a given forecast horizon the sum of normalized losses for forecasts of the 2yr, 5yr and 10yr rates for the six best strategies are provided in Table 4 . For the MSFE criterion it can be seen that the MedStrat strategy produces for all horizons superior normalized losses.
The AvStrat strategy performs slightly worse for horizons h = 5, 10, 15 and is overall the 2nd best performing strategy. The Av10MSFE strategy is for all horizons among the best 3 adaptive strategies. In terms of MDA and MBH the MedStrat is again overall the best strategy. For h = 1, 10, 15 normalized losses are always better than the normalized losses of at least all but one adaptive strategy. In contrast to the MSFE criterion the Av10MDA resp. BunnMDA strategies are overall the second resp. third best competitor strategies.
Unconditional models vs. adaptive strategies
Having identified the overall best adaptive strategies we analyze in this Section how the forecasts from these adaptive strategies perform relative to unconditional models. Table 5 shows for each forecasting exercise normalized average loss estimates. Moreover, it provides for a given adaptive strategy the number of unconditional model specifications M s performing worse (columns labelled ): From the upper panel of Table 5 it can be seen that the adaptive strategies perform well in terms of MSFE. The MedStrat strategy is always better than at least 68 unconditional models. The AvStrat strategy is in 9 forecast exercises better than 62, and the Av10MSFE strategy is still in 3 cases better than 63 unconditional models. No adaptive strategy is worse than the 40th best unconditional model. The relative performance in terms of MDA and MBH is provided in the two lower panels of Table 5 . It is documented that the MedStrat strategy is always better than 66 unconditional models (except for the 5yr rate and h = 5 in terms of MDA). For the 10yr rate and h = 10 it is even better than the best unconditional model both in terms of MDA and MBH. For six forecasting exercises (the 2yr rate for h = 5, 10, 15, the 5yr rate, h = 1, 15 and the 10yr rate for h = 5) all three adaptive strategies are better than at least 60 unconditional models in terms of MDA. Regarding the MBH measure all the three adaptive strategies are at least better than 65 unconditional models in terms of MBH, except for forecasting the 2yr and 10yr rate for h = 1 and the 10yr rate for h = 10. These results can be viewed as an indication for the robustness of adaptive model selection in terms of MDA and MBH as compared to the MSFE criterion. Indeed, an analysis of all adaptive strategies considered in Section 6.1 (not reported), reveals that 'on average' adaptive model selection is more succesfull in terms of MDA and MBH than in terms of MSFE.
[Insert Table 5 about here]
We conclude that adaptive model selection approaches offer a promising forecast performance within the class of models introduced in Sections 2 and 5. Furthermore, it is of interest how the adaptive procedures compare to some standard benchmark models. We 13 remark that the adaptive approach does not lead to additional forecast accuracy in terms of MSFE when compared to the benchmark models. Hence, further results for the MSFE measure are not reported.
Adaptive forecasts vs benchmark approaches
We compare the adaptive strategies with naive forecasts, an autoregressive time series model and the Diebold & Li (2006) Table 6 show that the adaptive strategies MedStrat, Av10MDA and BunnMDA outperform the benchmark strategies in a comparison over all forecast exercises. In particular, the MedStrat strategy is overall best in terms of MDA and MBH. For the latter measure it is in 8 forecast exercises (2yr rate for h = 1, 5, 10, 5yr for all horizons, 10yr rate for h = 10) better than all other strategies. Regarding the losses in terms of MDA, in 8 forecasting exercises (2yr rate for h = 1, 5, 15, 5yr rate for all horizons, 10yr rate for h = 10) at least one of the three adaptive strategies outperforms all benchmark models. In terms of MBH, this is the case for 10 forecast exercises (all but 10yr rate for h = 1, 5).
[Insert Table 6 about here]
A summary of bilateral model comparisons is provided in Table 7 . Furthermore, it is formally tested if the expected loss of a particular adaptive strategy is significantly larger 14 than the expected loss of the naive resp. AR benchmark strategy (which outperform the Diebold-Li model). The number of forecast exercises F E j , j = 1, . . . , 12, in which adaptive strategy AS ∈ {MedStrat, Av10MDA, BunnMDA} is (significantly) better than the benchmark model BM ∈ {Naive, AR42, AR252} can be found in the left hand side panels of Table 7 . The right hand panels show how often is benchmark model BM (significantly) better than adaptive strategy AS. As can be verified from the left hand panels of Table   7 , any of the three adaptive strategies is better than a given benchmark model in more than 6 (out of 12) forecast exercises in terms of MDA. For the MBH measure the results are even more compelling, each adaptive strategy outperforms a given benchmark model in more than 8 forecast exercises. In particular, the MedStrat strategy is better than the naive, AR42 resp. AR252 benchmark in 11, 10 resp. 12 forecast exercises. In 5, 3 resp. 9 cases it is also significantly better. On the other hand, the benchmark models are rarely significantly better than the adaptive strategies. For example, neither the naive nor the AR benchmark model significantly outperform the MedStrat strategy in any forecast exercise. Hence, we conclude that adaptive model selection/estimation within the class of models considered in this paper is preferable to standard benchmark models with MedStrat being the most convincing adaptive approach.
[Insert Table 7 about here]
Conclusions
Based on a factor model characterized by a dynamic autoregressive factor representation we forecast 2yr, 5yr and 10yr swap rates one day, resp., one, two and three weeks ahead.
We compare a set of 100 unconditional model specifications to a variety of adaptive model selection strategies. Additionally, the latter procedures undergo a comparison with a naive, a standard time series and the Nelson-Siegel/Diebold-Li term structure model.
Building the comparison on out-of-sample forecast performance measured by quadratic loss, directional accuracy and big hit ability, we analyze the suitability of a standard PCA factor model approach for ex-ante forecasting. We find that an adaptive model selection approach leads to additional gains in directional accuracy and big hit ability. In particular, the MedStrat strategy turns out to consistently produce highly accurate forecasts for distinct swap rates and forecast horizons. This result can be interpreted as evidence for an evolving economy characterized by changing underlying relations in economic variables (which is in line with the conclusions from Swanson & White (1997a,b) or Clements & Hendry (2002) , for example). Hence, we show that an adaptive approach represents a promising and costless candidate for ex-ante forecasting that merits further consideration.
Moreover, the big hit measure as defined in this paper may also be used to evaluate the profitability of trading systems. For basic financial instruments such as stocks it represents cash flows from an elementary buy/sell strategy. For quasi linear financial derivatives, such as swaps, it is proportional to cash flows of a buy/sell strategy. Our definition of BH can be easily generalized using the cash flow function based on the 'exact' pricing function of the financial instrument or portfolio under consideration. Hence, in this framework it is possible to test for significant differences in profitability between two or more trading systems, see also Diebold & Mariano (1995) and West (2006) , for example. , respectively. Swap rates are multiplied by 100 for this Table only. In the remaining analysis swap rates are measured as 0.0312 instead of 3.12. Table 3 . Transition probability matrices for one day-ahead forecasts of the 2yr swap rate.
The first sample period of 889 forecasts ranges from T Table 5 . MSFE, MDA and MBH comparison of adaptive and unconditional strategies. For each forecast exercise (2yr, 5yr, 10yr swap rates, horizons h = 1, 5, 10, 15) normalized average losses for 1778 rolling forecasts for the period from T * 1 = 308 (April 4, 2000) to T * 2 = 2085 (February 9, 2007) is provided in the column labelled nMSFE, nMDA resp. nMBH. Normalization is accomplished with respect to the best and worst unconditional models in terms of MSFE, MDA resp. MBH. The number of unconditional models that perform (strictly) worse than the adaptive strategy given in the first column is shown in the column labelled . Table 6 . MDA and MBH of benchmark strategies and comparison to adaptive strategies. For each forecast exercise the normalized losses for the period from T * 1 to T * 2 are provided in the column labelled nMDA resp. nMBH. Normalization is accomplished with respect to the best and worst unconditional models in terms of MDA resp. MBH. The number of unconditional models that perform (strictly) worse than the strategy given in the first column is shown in the column labelled . The last column shows for a given strategy the sum of the normalized MDA's resp. MBH's over the 12 forecast exercises.
